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Abstract

MEASURED AND PREDICTED PERFORMANCE OF A PHOTOVOLTAIC GRIDCONNECTED SYSTEM IN A HUMID SUBTROPICAL CLIMATE
Racquel Lovelace
Thesis Chair: Fredericka Brown, Ph.D.
The University of Texas at Tyler
July 2015
Solar energy is an alternative energy source that has the potential to provide energy
for the very increasing global population. Photovoltaic modules are the means by which
solar energy is collected. Photovoltaic modules convert sunlight into direct-current (DC)
electricity which can then be converted to alternating current (AC) electricity and used in
regular household systems.
This research aimed to determine the measured and predicted performance of a
photovoltaic grid-connected system in a humid subtropical climate. Simulation and
numerical models were used to determine the predicted performance of the system to be
compared to the recorded data from the system. In addition, the research allowed for long
term simulation analysis of the system under varying conditions and can assist with
optimization of the photovoltaic system.

vi

Chapter 1
Introduction and General Information
1.1 Models of PV Systems/Modules
As the global population increases along with the advancement of human development and
technology, so does the increase in global energy demand. According to the US Energy
Information Administration’s 2013 report, the world energy consumption is expected to grow by
56% between 2010 and 2040, from 524 quadrillion British thermal units (Btu) to 820 quadrillion
Btu (Figure 1) [1]. Through these projections, it was estimated that fossil fuels will continue to
supply roughly 80% of the world energy through 2040 [1].

Figure 1. Energy Information Administration's projections for world energy consumption [1].

Fossil fuels are non-renewable resources with supplies that are drastically being depleted. It was
calculated that the depletion time for oil, gas and coal was to be around 35, 37 and 107 years,
respectively [2]. Though the accurate timing for fossil fuel depletion is an arguable topic among
researchers and scientists, it is an inarguable fact that fossil fuels cannot last forever at the
current usage rates. The increase in demand for energy coupled with the knowledge of depleting
fossil fuels has led to an increase in demand for research into developing an alternative to using
1

fossil fuels. Renewable energy sources include biomass, hydropower, geothermal, nuclear, solar,
wind and marine energies [3]. Each source has advantages and disadvantages to being an
alternative to fossil fuels; however the most viable alternative currently is solar energy.
Solar energy has been the focus of copious research due to its many advantages as a
renewable energy source. Solar energy has advantages over its renewable energy counterparts of
biomass, hydropower, geothermal, nuclear, wind and marine. The key advantages of solar energy
can be highlighted by the following characteristics: 1) the direct use of heat in the absorption of
solar radiation, 2) absence of moving parts, 3) low maintenance cost once installed, 4) ability to
easily scale the input power source to generate desired output, 5) long effective life, 6) high
reliability, 7) rapid responses to weather/environment changes, 8) high power handling
capabilities and 9) availability to be utilized across the globe [4]. Adversely, solar energy
continues to have limiting major factors to its wide industrial and commercial use. Improved
performance and efficiency for overall systems (such as photovoltaic systems as the main topic
of this research) and energy storage (for use in the absence of solar radiation) are needed before
this energy source can be effective in providing for the global population.
Photovoltaic (PV) modules are solid-state semiconductor devices that convert sunlight into
direct-current (DC) electricity [5]. PV production has been doubling every two years, increasing
by an average of 48% each year since 2002, making it the world’s fastest-growing energy
technology [6]. PV systems depend on a variety of factors including but not limited to: weather,
irradiation levels, temperature, and efficiencies in all components of the system. Various
methods have been developed to determine the maximum power output of these photovoltaic
systems to improve overall efficiency. These methods have included the use of numerical,
experimental and analytical models of the photovoltaic system while taking into account losses
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due to dirt and dust, angularity, differences with the nominal power, mismatch, monitoring errors
of the maximum peak, ohmic losses in cabling and losses due to shading. Experimental and
simulation models are also widely used in the evaluation of photovoltaic systems.
This research aimed to determine the measured and predicted performance of a photovoltaic
grid connected system in a humid subtropical climate. The system used in the study was
connected to the Texas Allergy, Indoor Environment, and Energy Institute (TxAIRE) House 2,
located on the University of Texas at Tyler campus. Simulation and numerical models were used
to determine the predicted performance of the system to be compared to the experimental data
received from the TxAIRE House 2. This research allowed for long term simulation analysis of
the system under varying conditions and can assist with the optimization of the photovoltaic
system.

3

Chapter 2
Literature Review
Though the efficiency of PV systems has increased over the past 10 years as new research
and development projects continue, average efficiencies have ranged between a low 15% - 20%
[7]. Due to this, vast amounts of research have been conducted to improve the way PV system
outputs and efficiencies are calculated. Developed performance models help with improving the
overall performance of the system by being able to predict the performance under various
conditions using differing configurations to determine the optimum system. This section will
review various methods to determine the performance of PV systems using numerical methods.
2.1 Models of PV Systems/Modules
In 1998, the International Electrotechnical Commission (IEC) published a standard for
analyzing the electrical performance of the PV system [8]. The following equation was
developed to calculate the amount of annual energy produced for grid-connected photovoltaic
power systems.

=

( , )∙

∙

(1)

Ga (β,α) is the annual solar radiation on the generator surface, Ppeak is the installed
photovoltaic peak power, PR is the “Performance Ratio” which is the annual yield of the facility
and GSTC is the solar irradiance under standard test conditions. Standard test conditions (STC)
are defined as an incident irradiance of 1 kW/m2, temperature of the photovoltaic cell of 25 °C,
and AMSTC 1.5G standard spectrum. The performance ratio was calculated using experimental
data and was dependent on numerous factors such as solar radiation availability, climate,
orientation and tilt of the surface, quality of the components and design of the system, among
4

others. The performance ratio in this equation was the main component for determining the
overall electrical performance of the PV system. Other methods have been developed to
determine this output, such as the equation for PR described by Almonacid et al [9]. Almonacid
et al. explain that the PR was the efficiency of the photovoltaic generator and was calculated as
one minus the sum of the losses incurred in the system, explained in section 5, and shown by
Equation (2).
= (1 −

(2)

)

Another equation to express the performance ratio was used by T. Erge et al. [10] as shown
by Equation (3).

=

(3)
×

PINV is the AC-energy output from the inverter, G is the total solar energy on the array plane and
ηSTC is the efficiency of the array at standard test conditions. This method to calculate the PR
required experimental data for the solar irradiance and the power output of the inverter to be used
for calculations versus the previous method in which only the calculated values of the losses
were needed. This method would yield a more accurate result though timing would be a factor in
the amount of time needed to obtain the result as the experimental data would need to be
collected.
Other calculations for power do not take into account a PR factor as those mentioned
previously. T. Huld et al. [11] developed a model for power output that takes into account only
module temperature and the solar irradiance as expressed by Equation (4). This was different
than the IEC in that it did not take into account the PR.
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( , )=

∙

∙

( ,

(4)

)

where PSTC is the power at standard test conditions of GSTC = 1 kW/m2 and TSTC = 25 °C. This
equation used the instantaneous/hourly relative efficiency as given by Equation (5).
( ,

)= 1+

+

[

] +

(

+

+

[

] )+

′

′≡ /
≡
=

(5)
(6)

−

(7)

+

(8)

The coefficents k1-k6 were found by fitting the model to experimental data. The instantaneous
efficiency depends on the irradiance and module temperature. G’ and T’ are normalzed
parameters to the STC values and are expressed by Equations (6) and (7) while the module
temperature was estimated using Equation (8). These equations allow for energy yield
calculations to take place under varying climatic conditions over a large geographical area [11].
The equations expressed so far were basic equations to determine power performance and
efficiency, however there exist advanced models to determine power output, inverter efficiency
and system effieciency. The following models use single-diode, two-diode and four and five
parameter models to determine the power performance of a photovoltaic sytem.
2.1.1 Single-diode
The following models were developed using the single-diode model. The single-diode model
assumes that one lumped diode mechanism was sufficient to describe the characteristics of the
PV cell [12]. The term “lumped” refers to the type of approximation being made; in this case it
was assumed that the circuit parameters such as resistance and capacitance can be taken as fixed
quantities. The term “single mechanism” refers to the degree of approximation that was used to
model the photovoltaic cell.
6

H. Tian et al. [12] used the following Equations (9) and (10), derived from the single-diode
model, to calculate the maximum power point current and voltage at any operating condition. A
similar method was described by M. Fuentes et al. [13] as the approximate maximum power
point (AMPP) method and was evaluated as having a root mean square error (RMSE) and mean
bias error (MBE) to be smaller than 2% and 4%, respectively. The RMSE was calculated as the
root mean square error in maximum power prediction as a percentage of the average measured
value of maximum power. Another similar method was also described by P Mohanty et al. [14]
and M. Paulescu et al. [15] as a way to calculate the output current.
+
=

−

+

exp

(9)

−1 −

(10)

+
exp

+

1

=
+
1+

exp

+

M. Paulescu et al. developed the single-diode equations further to be able to calculate the I-V
curve outside of the standard test conditions based on: solar irradiance, ambient temperature, the
cleanliness degree of module surface (the cleanliness degree was calculated using experimental
models and is outlined in Table 1) and the ageing degree of the PV module. Equations (11) –
(12) show the calculations for the modified I-V curve outside standard test conditions.
=
( , )=

(11)

,

(

)[1 +

( −

(12)

)]
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( , )=

,

( , ) exp −

[1 +

( −

)]

(13)

α1 and αv are the coefficients of variation with temperature of the short circuit current and the
open circuit voltage, respectively. These equations are functions of solar irradiance and
temperature and are dependent on these two factors as well as the open circuit voltage at STC,
Boltzmann’s constant and the diode ideality factor. The diode ideality factor is a measure of how
closely the diode follows the ideal diode equation; for the equations discussed in this paper the
ideality factor is assumed to be one unless otherwise defined. The values of I0, Iph, n and Rs were
introduced in the solar cell I-V characteristic equation so that it may be used for conditions other
than the standard test conditions [15].
Table 1. The cleanliness coefficient.

Cleanliness

Perfect
1.00

Proper
0.98

Medium
0.96

Low
0.92

Another method, derived from the single-diode model, to evaluate the performance of a PV
system would be to use data supplied by the manufacturer of the solar panels. A model presented
by De Soto [16] used a one-time calculation of the following five parameters: n, Io, Iph, Rs, and
Rp at standard test conditions. These values can then be used within the model to calculate the
parameters at different operating conditions. The power supplied by the PV system is determined
by multiplying the current and voltage. Equations (14) and (15) depict the relationship between
current and voltage at a fixed cell temperature and solar irradiation. The five parameters were
used to determine the current and voltage.

=

−

−1 −

+

(14)

(15)

≡
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where n in this case is the modified ideality factor and n1 is the usual ideality factor assumed to
be one. These equations were used in conjunction with the three known I-V pairs at standard test
conditions which were substituted in to result in further equations to predict power. De Soto’s
method has been referenced in many articles as a basis for further research in developing
numerical models to determine predicted power of a PV system. Similar models were used by
Zekiye Erdem and M. Bilgehan Erdem [17] in distance education (i.e. online classes/study) and
by A. Chouder et al. [18].
Kumari and Babu [19] developed equations for the I-V curves depending on changing
temperature and solar irradiation levels for the PV system, though ultimately the values in
question were still voltage and current. Equations (16) – (23) show the equations used to
determine current and voltage as determined by Kumari and Babu.
=1+

(

−

)

(16)
(17)

= 1+

(

−

=1+

(

−

)

(

−

)

=1+

1

)

(18)
(19)

=

(20)

=
=
=

(21)

,

,

,

−

−
× exp

× exp

(22)

−

(23)

−

These equations are functions of temperature and irradiance which are dependent on voltage at
STC, photocurrent at STC and the reverse saturation current of the diode. De Soto and Kumari

9

both have employed the five parameter model which takes into account five parameters from the
manufacturing data sheet of the PV panels, though both still derived from the single-diode
model. Other models, such as those derived from the two-diode model, can be used as well.
2.1.2 Two-diode
Though it is more common to use the single-diode model for its simplicity, the two-diode
model offers a model with greater accuracy to calculate the I-V curves as expressed by Equation
(24) [20, 21]. The issue with using the two-diode model is that it requires the computation of
seven parameters (Iph, IO1, IO2, RP, RS, a1 and a2) while the single-diode model only requires four
or five parameters.
=

−

exp

+

−1 −

exp

+

−1 −

+

(24)

where I01 and I02 are the reverse saturation currents of diode 1 and diode 2, respectively.
Variables a1 and a2 represent the diffusion and recombination current component, respectively. It
is widely assumed, though not always true, that a1 = 1 and a2 = 2. The parameters in this
equation are functions of temperature, current and solar irradiance.
Research has been performed to simplify the two-diode model as well as decrease the
computation time for this model; however the research has not been conclusive enough to
outweigh the benefits of the simpler and faster single-diode model which offers sufficient
accuracy.
2.1.3 Four parameter model
From the single-diode model, either a four or five parameter model can be developed to
determine the I-V relationship. Equation (25) shows the relationship between current and voltage
using the four parameter model [22]; others have used similar four parameter models for
determining the I-V curve [23, 24, 25, 26].
10

=

−

=

−

exp

+

(25)

−1

The four parameters are functions of temperature, load current and/or solar irradiance. Most of
the data to determine the four parameters can be obtained from the manufacturer data sheets
similar to the De Soto model, except for the temperature and irradiance levels which must either
be assumed or collected from weather data.
T. Khatib et al. [27] used the four parameter model to characterize a photovoltaic system in a
grid connected PV system located in Malaysia. T. Khatib et al. determined that the four
parameter model yielded accurate results compared to the experimental data recorded on the
photovoltaic system.
2.1.4 Five parameter model
The five parameter model can more accurately calculate the power output; however there is
the added complexity of another parameter calculation. A method of determining power output
of a PV system using a five parameter model is Equation (26) for the I-V relationship curve [28].

=

−

exp

(26)

−1

The typical I-V relationship curve contains the following variables, other than current (I) and
voltage (V): NS is the number of cells connected in series, Np is the number of modules connected
in parallel, q is the charge of an electron, k is the Boltzmann’s constant, n is the ideality factor, I0
is the cell reverse saturation current, and T is the cell temperature.
T. Ma et al. [29] employed the following Equations (27) – (31) in Matlab to simultaneously
calculate the five unknown parameters (Iph, I0, Vt, Rs and Rp) using five equations. Similar
equations to extract either the four or five parameters, depending on the model employed, the
following researchers have used similar equations to those used by T. Ma et al. [26, 30, 31, 32,
11

33, 34, 35]. M.J.M. Pathak et al. [36] also employed the used of the five parameter model to
optimize limited solar roof access.
i.
0=

For an open circuit under the STC, i.e. I = 0 and V = Voc

−
ii.

=

(27)

−1 −

−

For a short circuit under the STC, i.e. V = 0 and I = Isc
(28)

−1 −
iii.

The maximum power point under STC, i.e. I = Im and V = Vmp
(29)

+
=

−

iv.

−1 −

The derivative of the power with respect to voltage is equal to zero at the maximum
power point,

=−
v.

=
=

(30)

The fifth equation is established form the derivative of the current with the voltage at the
short circuit point,
(31)

−

=
=

( , )
=
1−

( , )

−

−

=0
=
=

1
=−

1+

1

+

The following equations were then used to obtain the I-V curves of the PV cell/module/array
under any general operating conditions [29].
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( , )=

=

exp

( −

[1 +

(32)

)]

−

(33)

(34)

( )=

( )=

(35)
/

An improved version of the five parameter model was proposed by V. Lo Brano et al. [37]
and was expressed by Equation (36).
[

(

, )=

( )− (

−

=
,

−
,
( −

[ +

(

)]

, )
( −

−1

(36)

)] +

(37)
)

αG is the ratio between the current irradiance and the irradiance at standard test conditions and K
is the thermal correction factor which is used to slide the I-V curve to better fit the characteristics
issued by the manufacturer. This equation allows for the computation of the I-V curve for any
conditions of operating temperature and solar irradiance using only data that is commonly
provided by manufacturers.
As stated, there are several different methods to employ when determining photovoltaic
output power. The four parameter model derived from the single-diode model is a compromise
between accuracy and simplicity. The accuracy is enough that the method is widely used among
research and development in solar energy. The five parameter model is also widely used and
offers a greater accuracy than the four parameter model, though computation is lengthy. Methods
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involving the two-diode model are not widely used because of its complexity and the number of
parameters needed, though currently it is the most accurate of the models discussed. An in depth
look into the factors that contribute to the performance of the photovoltaic system are discussed
in the following sections.
2.2 Calculating Cell Temperature
An important factor in determining photovoltaic system performance is temperature of the
cells. Cell temperature is difficult to measure as the cells are tightly enclosed to protect against
the elements. L.M. Ayompe et al. [38] reviewed several models to calculate PV module
temperature and determined, through experimental data, that Equations (38) and (39) gave the
lowest percent mean absolute error of 7.3% and 7.1%, respectively.
=
=

+
+

+

+
[

(38)
(39)

+ ]

+

where values of the system-specific regression coefficients a, b, c and d are determined using
measured temperature data.
A similar method to calculating cell temperature was expressed by Equation (40) [39].
=

+(

− 20° )

(40)
800

This was a simple equation that takes into account ambient temperature (Ta), the irradiance (G)
and the normal operating cell temperature (NOCT) to predict the temperature of the effective
modules. Normal operating cell temperature ratings assume the following: incident irradiance of
800 W/m2, average 20°C ambient temperature, an average wind speed of 1 m/s with the back
side of the solar panel open to the breeze which yields an average cell temperature of about
48°C.
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2.3 Calculating Incident Global Solar Irradiance
Other than temperature, incident solar irradiance is another large factor in determining
photovoltaic system performance. This factor can be divided into three components: the beam
component from direct irradiation of the tilted surface, the diffuse component and a reflected
component. C. Demain et al. [40] reviewed 14 different models to calculate the incident solar
irradiance and determined, using mean bias error (MBE) and root mean square error (RMSE),
that the Bugler model has the smallest error in calculating irradiance expressed by Equation (41).
1
= (1 +
2

) + 0.05

−

1

(41)

1+
2

with Rd being the ratio of diffuse radiation on the tilted surface with respect to that of the
horizontal plane, Bβ as the beam component from direct irradiation, β as the surface tilt angle
with respect to the horizontal plane, θi as the incidence angle of beam irradiation and θz as the
solar zenital angle.
2.4 Loss factors in a Grid-Connected System
The equations and methods discussed so far are a good starting point when determining
output of a PV system, however to get accurate performance output data, loss factors have to be
taken into account [41, 42, 43]. The following loss factors are explored in this section: losses due
to dirt and dust, angular losses, losses due to differences with the nominal power, mismatch
losses, temperature losses, losses due to monitoring errors of the maximum peak, ohmic losses in
cabling, and losses due to shading.
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2.4.1 Losses due to dirt and dust
An important factor to take into account when determining power output is the effect dust
has on PV systems. Studies of Hottel and Woertz [44] in Boston, Massachusetts showed an
average of 1% loss of incident solar irradiation due to the amount of dust accumulating on a
glass plate with a tilt angle of 30° and a maximum degradation of 4.7% during the test period of
three months. Multiple studies referenced in [44] performed in the northeastern United States
have yielded similar results from 1% to 5% loss of incident solar irradiation. The areas in
question for Hottel and Woertz’s study have frequent precipitation and very low dust quantities
in the atmosphere which should be considered when accounting for dust in solar panel
performance in various climates and environments.
Studies performed by El-Shobokshy and Hussein [44] have produced the three key factors
that contribute to PV performance degradation in terms of dust: the chemical composition of the
dust material, the size of the dust particles, and the density of the dust on the panel surface
(which is dependent on the first two factors). El-Shobokshy and Hussein were able to determine
through lab testing that finer dust particles had a greater effect on the performance of PV cells
than coarser dust.
Mulcue-Nieto [8] used a standard for calculating the amount of affect that dust has on the
solar panels using the values in Table 2 and using Equation (42).
Table 2. Usual values of normal incidence loss due to dirt on the modules.

Degree of dirt
None
Low
Medium
High

Tdirt(0)/Tclean(0)
1
0.98
0.97
0.92
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Losses (%)
0
2
3
8

(42)

(0)
(0)

=1−

Tdirt(0) is the transmittance of the normal incident light when the surface is covered with dust and
Tclean(0) is the same value when the surface is clean. This allowed for a simple way to take into
account the effects of dirt into the overall PV performance. Experimental data has shown that
typical loss due to dirt and dust was a factor of 0.95 [45].
2.4.2 Angular losses
Angular losses refer to the effect of the tilt angle as well as the orientation of the panels with
respect to the South. One method to determine angular losses used the Martin-Ruiz [8] model.
This model used values of direct, circumsolar diffuse (radiation coming from the direct beam
from the sun and the area in the sky around the sun), isotropic diffuse (the radiation coming from
the entire sky dome) and reflected radiation to determine the global irradiance. The global
irradiance was calculated for every day of the year and was compared to the value in the case of
the total absence of angular losses.
Martin-Ruiz’s model was based on theoretical and experimental results. Equation (43) was
Martin-Ruiz’s model for the instantaneous/hourly angular losses factor [46, 47].
1 − exp(−
( )=1−
1 − exp(−

)
1

(43)
)

θs represents the irradiance angle of incidence and ar is the angular losses coefficient. Though
Martin-Ruiz’s method to calculate angular losses was a comprehensive approach, it was not one
that was commonly applied for its complexity. The parameters required are not supplied by
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module manufacturers and are difficult to establish and as far as PV plants are concerned, the
input data was not commonly available.
2.4.3 Losses due to differences with the nominal power
The data supplied by the manufacturers of PV modules was data achieved under standard test
conditions. These conditions were defined as an incident irradiance of 1 kW/m2, temperature of
the photovoltaic cell of 25 °C, and AM (air mass) 1.5G standard spectrum. The standard test
conditions can not apply to every situation or environment, therefore losses due to a difference
between the real power and the nominal power as stated by the manufacturer can occur [8].
Recent studies have shown an increase in accuracy between real power and nominal power,
though inaccuracies still occur [8]. Mulcue-Nieto used Equation (44) to express the losses due to
the inaccuracies.

= 1−

1
_

_
,

(44)

Where real power (Preal,i) represents the real power of the i-th module. Studies have shown that
the losses due to differences with the power under standard test conditions can be estimated as
being equal to 5% as a maximum [8].
2.4.4 Mismatch losses
Mismatch losses occur when the sum of the individual power does not equal the total power
of the system. This can be caused by: manufacturer’s tolerances, degradation of the antireflective coating, discoloration of the housing material, degradation caused by light, hot points
and the mechanical breaking of the cell structure [8]. Estimating the loss due to mismatch was
not commonly performed and was usually calculated with experimental data and methods for
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doing so were expressed in [48, 49]. Experimental data has shown that typical loss due to
mismatch was a factor of 0.98 [45].
2.4.5 Temperature losses
Temperature losses due to convection and radiation can be calculated in several ways.
Skoplaki and Palyvos [50] determined T (cell/module operating temperature) using Equation
(45).
=

,

+

−

1−

,

(45)

UL,NOCT is the thermal loss coefficient at normal operating cell temperature conditions, UL the
thermal loss coefficient, τ the transmittance of glazing and α is the solar absorptance. However,
this equation used η which is itself a function of T and therefore an implicit model. Another
explicit equation can therefore be used to determine the temperature T using Equation (46),
=

+

(46)

Though in this linear expression there was no account for electrical load or wind. Another
method to calculate temperature loss was to determine the difference between the real power and
the hypothetical power produced if the cells were working at 25 °C (standard test condition).
This gives the Equation (47) [8].
,

=− (

− 25)

(47)

γ is the variation coefficient of the power peak with the temperature.
2.4.6 Losses due to monitoring errors of the maximum peak power
Losses due to monitoring errors of the power maximum peak occurred when the inverter was
not working correctly with the generator in the I-V curve and was not working at optimal
working points. Losses then occurred due to power being generated that was lower than
expected. The Spanish Centre for Technological, Environmental and Energy Research published
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results showing a range of 4% and 6% of loss due to monitoring errors for clear days and
partially clouded days, respectively [8].
2.4.7 Ohmic losses in the cabling
Losses due to cabling can be calculated using Equation (48) [8].

=

_

∑

∫

∙

(48)

∙

∫
This takes into account the number of cables and the amount of current that passes through the
last cable with a certain resistance.
Another method was expressed using the following Equation (49) [51],
=

,

∙

(49)

The cable resistance was multiplied with the square of the 10 minute averaged DC-array current.
The yearly losses can then be calculated by summing all power losses during the year [51].
Experimental data has shown that typical loss due to ohmic losses in cabling was a factor of 0.98
[45].
2.4.8 Losses due to shading
PV systems obtain all of their energy from the sun; therefore losses may occur if the PV
panels are shaded. This loss depends on sun position as well as position of the PV panels in
relation to possible obstructions (e.g. buildings, trees). This loss can be calculated by taking the
sum of the multiplication of the area covered by the irradiance percentage of that region as
shown in Equation (50) [8].
1
=
100

_

(50)
∙
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This loss can be difficult to determine as it can change throughout the day depending on the
position of the sun in relation to the panels and any obstructions. Another method would be to
use geographic coordinates and express the sun’s position in the sky in terms of solar altitude
above the horizontal plane and solar azimuth measured from the South [52]. This would allow a
calculation using the geometrical parameters of the shading surfaces and the solar angles to
determine the loss due to shading. Experimental data has shown that typical loss due to shading
was a factor of 1.00 [45].
Shading losses can also be determined using photographic methods. One such software
developed used photographs taken at the perspective of the horizon and required only
measurements of three angles for each photograph [52]. Software can then use information from
the picture and allow one to draw daily solar paths directly on the photograph and display how
obstructions hinder the performance of a PV system.
Yoon et al. [53] developed a photographical method to predict solar irradiation on an inclined
surface by combining the following solar irradiation models: the isotropic sky model (the
simplest model which only takes into account the isotropic diffuse radiation), the Hay-Davies
model (builds off the isotropic model and includes circumsolar diffuse radiation), the Reindl
model (adds to the Hay-Davies model a horizon brightening parameter which is the solar
radiation with source at the horizon), the Perez model (similar to the Reindl model, though more
computationally intensive) and the Muneer model (similar to the Reindl model though developed
two separate equations for a clear sky and an overcast sky) as well as the following ground
reflectance models: the isotropic constant model (value for the ground reflectance was
determined to be 0.2 after experimental data over four years was reviewed), the isotropic
seasonal model (calculated the value for ground reflectance as a function of latitude), the
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climatologically anisotropic model (the ground reflectance value is influenced by the zenith
angle, period of the day and irrigation) and the semiphysical anisotropic model (the ground
reflectance value was calculated using both direct and diffuse radiation).
Yoon et al. used the equations to determine the sky view factor (SVF) and the ground view
factor (GVF) in existing solar irradiation models and modified them to take into account
surrounding buildings and obstacles. Yoon et al. described using Holmer et al.’s software method
to determine the SVF and GVF and the steps are shown below.
i.

Import a scanned fisheye image (image taken using a fisheye lens which is an
ultra wide-angle lens which creates wide panoramic or hemispherical images) to
the IDRISI (a geographical information system and image processing program).

ii.

Calculate the image center, radius and corner.

iii.

Create the pixel weight image.

iv.

Delimit the fisheye image.

v.

Find the limit between sky and non-sky pixels.

vi.

Assign the value 1 to all sky pixels, and 0 to all non-sky pixels.

vii.

Multiply the images with each other.

viii.

Sum the pixels, to calculate the SVF.

2.5 Efficiency Models
2.5.1 Photovoltaic system efficiency
Very simply the equation for efficiency can be expressed as the ratio of the output power to
the solar irradiance per unit area of the PV modules [54]. However, more accurate equations
have been developed to determine the efficiency. Hove [55] expressed the long-term average
performance of photovoltaic systems using the following simple equations [55, 56].
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These equations take into account the efficiency of the array at standard test conditions as well as
the operating cell temperatures and cell temperatures at nominal operating conditions. These
equations required measured data from operating photovoltaic systems but were useful in
determining a general average performance without taking into account loss factors as mentioned
in previous sections.
Dynamic models were developed because time-series analysis on hourly environmental data
is only applicable to systems that respond slowly and linearly to changes in solar radiation [57].
Dynamic models allow for calculations to respond quicker to changes in the environment that the
photovoltaic system is in.
K.H. Lam et al. [57] were able to develop a dynamic model for cell efficiency as expressed
by Equation (53).
=

+

1+

(53)

+

where GSTC = 1 kWm2, T = 25 °C, AMSTC = 1.5 and the parameters p, q, r, m and s are
coefficients as determined by applying the non-linear curve fitting for I-V curves acquired for the
type of modules in use. This model was also used in experimental data at The University of
Hong Kong by W. Durisch et al. [58].
2.5.2 Inverter conversion efficiency
The PV cells convert solar radiation into DC power and this power must be converted to AC
power using an inverter, for grid-connected PV systems. The inverter is an integral part of a gridconnected PV system as it controls the power output that the grid sees [59].
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There are several ways to determine the efficiency of the inverter. One such way took into
account both the DC voltage and relative power, two factors that influence the behavior of the
inverter and are regularly overlooked [59]. Equation (54) was a mathematical model that
expressed the inverter efficiency as a function of relative power and DC input voltage.
(54)
(
=
,

+

±

+

±

,

)

,

+

±

Using this model, the efficiency can be determined at each point of DC voltage and relative
power [59].
2.6 Uncertainty in PV Yield Predictions
Though copious amounts of research have been performed to create equations to calculate
photovoltaic performance, it is known that certain factors and variables can have an effect on the
effectiveness of the models. Due to this, equations to measure the uncertainty of a photovoltaic
system have been created to use as a guideline when determining photovoltaic performance.
To model the uncertainty in long-term PV system performance information on the following
factors is required: long-term average insolation, yearly and 20-year solar insolation variability,
uncertainties introduced by the use of transposition (calculation of the incident irradiance on a
tilted plan) models, module rating, degradation of PV modules, initial degradation, long-term
degradation or ageing of the panels, availability, loss factors as mentioned in this paper.
Thevenard and Pelland [60] determined that the combined uncertainty σt in X can be
calculated according to the rule of squares as expressed by Equation (55).
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(55)
=
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where (σn/Xn) is the loss factor of each loss in the system.
Statistical simulations performed by Thevenard and Pelland reveal that using the rule of
squares and the values for each factor of uncertainty for a given case, the methodology discussed
should be widely applicable.
2.7 Experimental Model of PV System
As mentioned, there are several methods and models to predict the performance of a
photovoltaic system. However, some of the models do require input from experimental data and
if resources are available it is recommended to compare predicted performance against
experimental performance when using theoretical models.
Experimental photovoltaic systems use data acquisition systems (DAS) to monitor the output
of the system. Equipment such as thermocouples to measure the back of the module temperature,
pyranometers to measure the irradiance and laptops are commonly used to accurately measure
data needed for the mentioned models.
Table 3 is a comprehensive list of characteristics that are used in the experimental setup as
referenced by [13, 24, 30, 61, 62, 63, 64, 65, 66, 67, 68, 69].
Table 3. List of characteristics to be gathered for/from experimental setup.

Characteristic Name
Module Maximum Power in STC
Module Open Circuit Voltage in STC
Module Short Circuit Current in STC
Module Voltage at Maximum Power in STC
Module Current at Maximum Power in STC
Current/Temperature Coefficient
Voltage/Temperature Coefficient
Tilt Angle
Ambient Temperature
Wind Speed

Unit
W
V
A
V
A
%/K
%/K
Degree°
°F
MPH
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Table 4 is a list of equipment that is commonly used when evaluating a photovoltaic system.
Table 4. List of common equipment to be used for experimental setup.

Equipment Name
Current-Voltage Curve Tracer (IVCT); ex. driven by LabVIEW
DataLogger
Reference Cells to Measure the Incident Global Irradiance
Thermocouples to Measure Back of Module Temperature
I-V curves are traced with the recorded data and the incident global irradiance is measured at
each I-V point. With the data mentioned the performance parameters listed in Table 5 can be
calculated [70]:
Table 5. List of parameters that can be calculated from IVCT.

Parameter Name
Total Energy Generated by the PV System
Final Yield
Performance Ratio
Capacity Factor
System Efficiency
Tables 3 – 5 listed above are a comprehensive list of values and equipment that can be used
when evaluating a photovoltaic system; however it should be noted that not all of the items listed
are necessary for the evaluation. Table 5 lists parameters calculated from a tracer listed in Table
4, though these are not needed for evaluating a photovoltaic system as these parameters can be
calculated using the variables listed in Table 3, though it would be more accurate with the
measured data.
2.8 Simulation Model of PV System
The use of simulation methods to predict photovoltaic performance has become more popular
as software packages become more advanced to handle the various inputs and computations to
generate the I-V curve. Commercial photovoltaic simulation software packages include, but are
by no means limited to, options such as: TRNSYS, INSEL, Archelios, pvPlanner, PV*SOL, and
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PVSYST. In order to use any one of the simulation packages mentioned, certain characteristics
must be obtained either from the manufacturer data sheets of the various components of the
photovoltaic system or from recorded data (e.g. ambient temperature). Table 6 is a
comprehensive list of characteristics needed in the simulation setup as referenced by [29, 71, 72,
73, 74, 78].
Table 6. List of characteristics commonly used in the simulation setup.

Characteristic Name
Module Maximum Power in STC
Maximum Power Point Voltage at Reference Conditions
Maximum Power Point Current at Reference Conditions
Module Open Circuit Voltage at Reference Conditions
Module Short Circuit Current at Reference Conditions
Temperature at Reference Conditions
Irradiance at Reference Conditions
Module Voltage at Maximum Power in STC
Module Current at Maximum Power in STC
Current/Temperature Coefficient
Voltage/Temperature Coefficient
Tilt Angle
Ambient Temperature at NOCT Conditions
Module Temperature at NOCT Conditions
Insolation at NOCT Conditions
Power Tolerance
Module Efficiency
Transmittance-Absorptance Product at Normal Incidence
Semiconductor Band Gap
Wind Speed
Number of Cells in the Module Connected in Series
Number of Modules in Series in Each Sub-Array
Number of Sub-Arrays in Parallel
Individual Module Area
Azimuth of the Surface
Tracking Mode
Slope of the Surface
Orientation
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In a grid connected system, an inverter is needed to convert the DC energy from the PV cells
to AC. When simulating a grid connected photovoltaic system, the characteristics of the inverter
are needed to help evaluate the actual amount of energy that is being supplied to the grid. Table 7
is a comprehensive list of characteristics that are generally monitored by inverter equipment that
would be useful in the simulation setup as referenced [74].
Table 7. List of characteristics that are generally monitored by inverter equipment.

Characteristic Name
DC Current from PV Modules
Current from Each String
Inverter Input DC Voltage from PV Modules
Inverter Input DC Power from Generator
Inverter Output Total Energy
AC Current Injected into the Grid
Grid Current
Grid AC Phase Voltage
Grid Frequency
Grid Impedance
Inverter Operating Status
Error Code (Where Appropriate)
Number of Time that the Inverter Finds the MPP
Inverter Working Total Hours
Grid Injecting Total Hours
Total Connections to the Grid
Installation Boot-Up Number
Boot-Up Time
Inverter Operating Temperature
Isolation Resistance

Research has been performed to determine the calculative accuracy of commercial PV
simulation software packages to compare against each other in their effectiveness. As discussed
by Axaopoulos et al. [73] there are many simulation software packages available and five of
them were compared to each other in terms of room mean square error (RSME), mean absolute
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deviation (MAD) and mean absolute percentage error (MAPE). TRNSYS had shown to display a
model efficiency of 99.7%, followed by Archelios with 5.1% error with MAPE, and PVSyst and
PV*SOL with model efficiencies of about 92.5%.
Another topic of discussion that has come up in recent years is the ability to predict the future
performance of PV systems using the methods mentioned and predicted weather data. The
research was not as extensive, though various methods are discussed in the following section.
2.9 Future Performance Predictions
Few research papers were available on the predicted future performance of PV systems
during the research for this study. Besides the characteristics of the PV modules, the performance
of PV systems depends on the weather data. Forecasting weather parameters, such as radiation,
can be difficult in that it is highly variable due to cloud cover and other factors. The research is
still in its early stages; however methods include using climate change scenario predictions and
other forecasting methodologies.
2.9.1 Future performance predictions using climate change scenarios
The North American Regional Climate Change Assessment Program (NARCCAP) is an
international program that creates high resolution climate scenarios for North America using
regional and global climate models and time-slice experiments. The models are run with a set of
regional climate models driven by a set of atmosphere-ocean general circulation models. The
driving atmosphere-ocean general circulation models are forced with the A2 SRES (Special
Report on Emissions Scenarios, commissioned by the Intergovernmental Panel on Climate
Change) emissions scenario in the future period. The emissions scenario takes into account
predicted future world development in the 21st century including: economic development,
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technological development, energy use, population change and land-use change to predict
emission projections to incorporate into the climate change models.
As discussed by Shannon Patton [75] the NARCCAP results can be used to calculate the
change in climate from the contemporary time period (1971 – 2000) to a future time period
(2041 – 2070) for specific locations in North America. The change in climate characteristics
(such as radiation, temperature and wind speed) can be used to predict future changes in the PV
performance.
2.9.2 Future performance predictions using other methods
Other methods of solar forecasting include: regression models, artificial neural networks
(ANNs), remote sensing, and numerical weather prediction models as discussed by Inman et al.
[76] and Mathiesen et al. [77].
Early forecasting models for solar radiation included regression models. These models used
data from long term averages and steady state values and extrapolated the data which resulted in
static models that only described seasonal and diurnal changes. These models did not take into
account the short term stochastic characteristics of solar radiation and assumed that individual
observations of solar irradiance changed independently, though the opposite is true. Due to these
deficiencies in this approach, new approaches had been researched. Improvements on regression
models include remote models which use satellite data to predict solar radiation using measured
solar radiation and its interaction with atmospheric components such as gasses and aerosols.
ANNs were developed to solve complex, non-linear, non-analytic, non-stationary, stochastic
problems with little to no interferences with the program itself. ANNs have been increasingly
used to forecast solar radiation from hours in the future to years. ANN programs can be created
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and executed in programs such as Matlab, though they require knowledge into the structure of
the various types of ANN programs available.
Numerical weather predictions (NWPs) were developed in the early 20th century; these
predictions took into account the state of the atmosphere at an initial time and the physical laws
which governed the transition of the atmosphere from one state to another to predict future
weather conditions. NWPs are currently not able to solve physics associated with cloud
formation which lead to the largest sources of error in a NWP based solar forecast.
2.10

Summary and Conclusions

This review aimed to examine and summarize the research and development that has been
performed to develop comprehensive models to evaluate the overall performance of a gridconnected photovoltaic system. Four overarching types of models for PV systems were reviewed
including: the five parameter model, the four parameter model, single-diode and two-diode
models. The single-diode was a simpler version of the two-diode model and assumed a constant
value for the ideality factor that was present in the two-diode model. This allowed for easier
manipulation of the single-diode equation to develop the four or five parameter models. The four
and five parameter models were characterized by the number of parameters that needed to be
analytically calculated to determine the I-V curve. The five parameter model was more accurate,
however it was more complex in that it required an extra equation to determine the fifth
parameter as compared to the four parameter model. Most researchers seemed to use the singlediode model with either the four or five parameter model with accurate results based on
experimental data.
In order to further improve the four or five parameter models, it has been determined that the
two biggest factors in photovoltaic performance were cell temperature and the solar irradiance.
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To create more accurate inputs for these two factors would be to greatly increase the overall
accuracy of the photovoltaic performance model. Various equations to calculate the cell
temperature and the irradiance were discussed. The cell temperature is a difficult factor to
measure as the cell is completely encapsulated. Several cell temperature equations were
researched and three equations were reviewed, one that offers a general equation for cell
temperature and two others that offer error percentages of about 7% to calculate cell temperature
as compared to experimental data. The irradiance factor similarly was researched and an
equation that had the smallest error of 14 models was reviewed.
Loss factors are inherent in the system and must also be calculated and taken into account
when determining performance. The losses discussed were: losses due to dirt and dust, angular
losses, losses due to differences with the nominal power, mismatch losses, temperature losses,
losses due to monitoring errors of the maximum peak, ohmic losses in cabling, and losses due to
shading. Various ways to determine loss due to shading, such as the photographical method,
were also discussed.
The efficiency models of the photovoltaic system were another way to determine the
performance of the system based on comparing if the solar panels were 100% efficient at
converting all energy received to the actual energy produced. Two models were discussed in
calculating efficiency using the efficiency of the array at standard test conditions as well as the
operating cell temperatures and cell temperatures at nominal operating conditions. Another way
to determine the effectiveness of a model was to calculate the uncertainty in the yield
predictions. The method reviewed uses statistical expression ‘rule of squares’ to determine the
uncertainty.
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The inputs and data needed to successfully and comprehensively determine the photovoltaic
performance of experimental and simulation models were discussed. The inputs for the
experimental model were all included in the list of inputs needed for the simulation model;
however the simulation model needs a more extensive list to accurately simulate the photovoltaic
system. Research has shown that the commercial software package TRNSYS, with the correct
input data, yields highly accurate results compared to experiment and numerical data.
Lastly, various methods to determine future weather conditions were discussed including:
NARCCAP climate change scenarios, regression models, ANNs, remote sensing, and numerical
weather prediction models. Various levels of predictive success have been experienced with the
methods discussed because of the stochastic characteristic of weather variables. Due to timing,
the NARCCAP climate change scenario was decided on to predict future performance as the
climate change had already been computed and was available for public use.
It was determined from the research provided that the single-diode, five-parameter model
was an effective and accurate model to numerically predict the output energy of the PV system
used by TxAIRE House 2. A simulation model using the TRNSYS software package was also
determined to be useful in predicting output energy. The following sections detail the use of the
predicted energy from both the numerical model and the simulation model compared to the
actual experimental data collected from TxAIRE House 2 from the years 2012 and 2014, as well
as a predictive model using the climate change data from NARCCAP.
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Chapter 3
Research Methods and Procedures
The following chapter will discuss the layout of the PV system in question and the data
collected during the years of 2012 through 2014 for the system. Various methods to determine
the performance of a PV system have been discussed in the previous chapter. The most practical
method for this study was chosen to be the one-diode, five-parameter model. This method can be
used to determine PV performance algebraically and in simulation software as discussed in this
chapter. As mentioned previously, the one-diode, five-parameter model offers a more accurate
result of the PV performance than the four-parameter model (either one- or two-diode models).
The two-diode, five-parameter model offers an even higher accuracy, however the complexity of
the model due to the added variables that must be calculated makes it a less desirable model to
use. The one-diode, five parameter model allows for easy calculations as all the inputs are
determined from information given by the solar panel manufacturer data sheets. Therefore, this
chapter will also detail the methods used and steps taken for De Soto’s five-parameter model as
well as the TRNSYS simulation software to determine PV output.
3.1 Description of the System
3.1.1 Solar panel equipment and set-up
The photovoltaic system used for this study was the system supplying the energy for TxAIRE
House 2. TxAIRE House 2 is a Net-Zero Energy house as all the power is provided by the PV
system. The house is air-tight with open-cell foam insulation, an unvented attic with an open-cell
foam insulated roof deck, and vinyl-frame windows with double-pain, low-E glass. Every aspect
of this house was designed to create an energy-efficient home.
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The house has a photovoltaic grid-connected system, consisting of thirty-three SolarWorld®
SunModule Plus™ polycrystalline 225 watt solar panels, rated at 7.4 kW. The performance
standards under standard test conditions as well as the thermal characteristics as supplied by the
manufacturer on the data sheet are shown in Table 8 and Table 9, respectively for the solar
modules. The photovoltaic modules cover an area of 590 ft 2 and are situated 25 ft. away from the
roofline of the house and are at a 55.8º angle as shown in Table 8 and Table 9.
Table 8. Performance under standard test conditions of 1000 W/m2, 25ºC, AM 1.5.

Characteristic
Maximum power
Open circuit voltage
Maximum power point voltage
Short circuit current
Maximum power point current

Variable
Pmax
Voc
Vmpp
Isc
Impp

SW 225
225 Wp
36.8 V
29.5 V
8.17 A
7.63 A

Table 9. Thermal characteristics of solar panels.

Characteristic
NOCT
TC Isc
TCVoc
TC Pmpp
Operating range

Parameter
45ºC
0.034 %K
-0.34 %K
-0.48 %K
-40ºC to 90ºC

Figure 2. Back view of photovoltaic panels used in study.
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Figure 3. Front view of photovoltaic panels used in
study.

The solar panels used for the research are installed in three circuits of eleven modules per
circuit for a total of 33 modules. The schematic shown in Figure 4 shows the solar panels as they
are wired.

Figure 4. Schematic of solar panels wired together in series.

This array converts the solar radiation into DC electricity while an inverter unit is used to
convert the DC electricity to AC so that it can be fed into the house’s electrical system. The
inverter unit in this system was manufactured by SMA Technology model #SB7000US.
3.1.2 Tyler, Texas climate and area
TxAIRE House 2 is located in Tyler, Texas which is classified as a humid subtropical climate
with latitude 32.314592° N and longitude -95.2591° W at an altitude of 561 feet above sea level.
Figure 5 shows the average high and low temperature and precipitation data for Tyler, TX as
gathered by U.S. Climate data for each month from January 2012 – December 2014. The data
shown in Figure 5 is not the exact data used in the simulations. The averages shown are used as a
reference to show the average weather data in the area in which the photovoltaic system resides
during the time that the archival data used was taken. The data shows that March and September
of 2012, September and October of 2013, and June 2014 and October 2014 had the highest
36

amount of rain throughout the research time period. The data also shows that the months of July
and August were the hottest months of the year for all three years reaching high temperatures of
94ºF for 2012, 95ºF for 2013 and 92ºF for 2014, with the coolest month being December for all
years reaching low temperatures of 61ºF for 2012, 55ºF for 2013 and 59ºF for 2014.

Figure 5. High and low temperature data as well as precipitation data for Tyler, TX as acquired by U.S. Climate
Data.

This data would suggest that the PV performance will be higher during the May/June months
and the lowest during November because of the lag between solar radiation cycles and
temperature cycles as discussed in a later chapter.
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3.2 Data Collected
3.2.1 Archival data
The archival data used for comparison in this study is the PV performance and weather data
collected from TxAIRE House 2 during the middle of the third quarter of 2012 to the end of the
fourth quarter of 2014.
Data collected for the house included the following pieces of information: total house energy,
heat pump water heater energy, solar panel energy, roof temperatures, room temperatures, wall
temperatures, CO2 levels, and total solar radiation levels on the tilted surface. The variables of
interest in terms of PV performance included: solar panel energy (W) and the total solar radiation
on the tilted surface (W/m2).
Weather data was also collected throughout the same time period mentioned previously. The
weather data included the information given in Table 10, but is not limited to the information
given in Table 10.
Table 10. Sample of weather data information collected.

Other collected information included data for the dew point, humidity, wind chill, heat index,
and various other types of information such as the energy needed to heat and cool the building.
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3.2.2 Purchased data from Meteonorm to create TMY and future TMY data sets
In order to perform a future performance prediction of the system, future typical
meteorological year (TMY) data sets were needed. To obtain the future TMY, current TMY3
data sets were used with a method as described by Patton and further explained in this section.
First, the TMY3 data set construction is explained. TMY3 data sets use data from the 1991 –
2005 National Solar Radiation Data Base (NSRDB) update. The TMY3 data set is made up of 12
typical meteorological months from January through December. These months are picked from
different years over the period of record that is available. As an example, if the NSRDB has
available 10 years of data for Tyler, Texas then all of the January data sets are examined and the
month that is determined to be the most typical is included in the TMY3 data set for Tyler,
Texas. All other months of the year would then be treated in the same manner and added to the
TMY3 data set to create a complete year of data. Each month is selected based on using
weighted statistics of the following characteristics: global horizontal radiation, direct normal
radiation, dry-bulb temperature, dew-point temperature and wind speed. In the creation of the
TMY3, the radiation characteristics are weighted the highest compared to the other three with the
monthly mean and median and the persistence of weather patterns also taken into consideration.
The amount of data needed to construct a TMY was not available from the current archival
data for TxAIRE House 2, therefore, it was decided that additional data needed to be purchased.
Meteonorm is a comprehensive meteorological reference database with archival data from the
Tyler/Pounds Fld Airport weather station (located approximately 11.6 miles west of the PV
system location). Daily values for temperature, wind speed and dew point were purchased from
the years 2004 – 2014. Daily radiation values were not available during this time frame,
therefore TMY data sets for global, diffuse and beam radiation (calculated over a period of 19
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years from 1991 – 2010) and temperature (calculated over a period of 9 years from 2000 – 2009)
were also purchased.
With the TMY data set available, the projected change needed to be determined. The North
American Regional Climate Change Assessment Program (NARCCAP) is an international
program that produces high resolution climate change simulations in order to generate climate
change scenarios [79]. NARCCAP uses global climate models combined with regional climate
models to determine climate change from contemporary (1971 – 2000) to future (2041 – 2070)
time periods. The data was extracted from the NARCCAP archive for the contemporary and
future time periods for Tyler, Texas for temperature, wind speed and total global radiation. The
TMY data for the contemporary time period was subtracted from the TMY data for the future
time period; this resulted in the projected change data for each variable of temperature, wind
speed and total global radiation. The projected change values were then added to the original
TMY data set purchased from Meteonorm to create the future TMY data set.
3.2.3 How the data was collected and equipment used
The data for the house was collected using the NI-cRIO-9074 processor; a 400 MHz
industrial real-time processor for control, data logging and analysis. PR-T24 thermocouple wires,
polyvinyl insulated wires, were also used in retrieving the outside temperature. The data
acquisition system (DAQ) was connected by USB to a personal software notebook to retrieve the
data.
The weather data was collected from a Davis Vantage Pro 2 weather station situated above
TxAIRE House 2 on the roof as shown in Figure 6. The weather station equipment collected data
approximately every five minutes and the values taken were in various forms including: averages

40

over the five minute period, highs of the five minute period, lows of the five minute period, totals
of the five minute period and instantaneous values taken at the time of data collection.

Figure 6. Location of weather station on roof of TxAIRE House 2.

Most of the data collected for weather and PV performance was taken every five minutes;
however there were gaps in the data due to technical issues with the data logger equipment. To
be able to use the data, the time and time intervals must be the same between the weather data
and the PV performance data. To overcome the gaps in data, an interval of 30 minutes between
readings was used for modeling in TRNSYS.
3.3 De Soto Modeling
The PV performance for this system was simulated using the TRNSYS simulation program.
The simulation uses the one-diode, five parameter model to determine the overall performance of
the system. Various five parameter models were discussed in high level detail in the previous
chapter; however an in-depth look into De Soto’s five parameter model will be reviewed to
explain how the simulation model was calculating its values.
3.3.1 Current-voltage relationship for PV cells
The five parameter model can be expressed as shown in Figure 7 for an individual cell, for a
module consisting of several cells, or for an array consisting of several modules as is the case for
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the system in this study. The five parameter equivalent circuit consists of a current source (which
represents the photocurrent that varies linearly with solar irradiation) in parallel with a single
diode as well as a resistance in both parallel and series.

Figure 7. Five parameter equivalent circuit.

The equation derived from this model for the current-voltage relationship at a fixed cell
temperature and solar radiation is expressed by Equations (14) and (15). The five parameter
model is named as such because of the number of unknowns that must be determined in order to
calculate the current and voltage and thus the power (the power is determined by multiplying the
current by the voltage). The parameters/unknowns needed are: the photocurrent Iph, the reverse
saturation current of the diode IO, the series resistance RS, the parallel resistance R P, and the
modified diode ideality factor n.
=

−

−1 −

+

(14)

(15)

≡

The diode ideality factor n is a factor of the electron charge q, Boltzmann’s constant k, the usual
ideality factor n1, the number of cells in series NS, and the cell temperature TC.
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3.3.2 Calculating the five parameters
Three current-voltage pairs are normally available from the manufacturer at standard test
conditions: the short circuit current (voltage is zero), the open circuit voltage (current is zero)
and the current and voltage at the maximum power point (multiplication of both yields maximum
power). The three current-voltage pairs are normally expressed by the typical I-V curve shown in
Figure 8.

Figure 8. Typical I-V curve showing short circuit current, open circuit voltage and maximum power point.

To determine the values for the unknown parameters, these three known pairs at standard test
conditions are substituted into Equation (14) resulting in Equations (56) – (59).
For short circuit current: =
=

−

∗

−1 −

,
∗

For open circuit voltage: = 0,
0=

−

=0
(56)

=
(57)

−1 −

At maximum power point: =

,

=
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The derivative with respect to power at the maximum power point is zero.
∗

−
0=

−
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∗
∗

−

(59)
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This left five equations, (Equations 15, and 56 – 59), and five unknowns (Iph, IO, RS, RP, and
n) as VOC, ISC, Imp and Vmp were given by the manufacturer. The equations were then solved
simultaneously for the conditions given by the weather data. With the five unknowns calculated,
the current could then be calculated at specific voltage points using Equation 14; the results from
this gave the data points for the I-V curve. The current and voltage were then multiplied to get
the predicted max power at specific voltage points. The next section covers the simulation used
in TRNSYS to determine the power output incorporating the weather data and an inverter.
3.4 TRNSYS Modeling
3.4.1 Overall system
TRNSYS was the software package used to simulate the PV system. This software package
uses the one-diode, five parameter model as explained in the previous section. The simulation
had the basic outline as shown in Figure 9 which uses the following components: Type9 (user
entered data labeled as Weather Data), Unit Conversion (to convert units to SI), Type 194b PVInverter (uses five parameter model as presented by De Soto to solve labeled as PV-Inverter) and
Type65d (graphs the output data labeled as Graph Output). The component labeled “Start and
Stop Times” was the area in which to input the start and stop time of the simulation. Weather
data was input into the Type9 component as a CSV file with temperature, total radiation on the
tilted surface and wind speed along with the date and time. These values were then converted
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into SI units with the unit conversion component and input into the Type 194b PV-Inverter
component and output graphically using Type65d. The components labeled Radiation and Power
Output, Voltage, Current also output those data points for the simulation as a .dat file that could
then be opened with excel.

Figure 9. TRNSYS simulation setup.

3.4.2 Component overview
The first component in the system is the controls (labeled as Start and Stop Times). The start
time and stop time are input into this component in terms of hours of the year. For example, if
the data file starts on the 145th day of the year at midnight, then the input for start time would be
3480 (24 * 145).
One of the most important components in the simulation is the Type9 component (labeled
Weather Data). Type9 is a component that reads data at regular time intervals from a user
defined data file. This allows for the user to input data from weather data recorded
experimentally rather than taken from the weather database that is included in the TRNSYS
package. The weather data recorded from 2012-2014 was formatted to be accepted by the Type9
component. This formatting is discussed in a later chapter. The component then read the data for
the solar radiation, temperature and wind speed and output it to the unit converter in terms of
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W/m2, Fahrenheit and mph, respectively. Figure 10 shows the data that is output from the Type9
component.

Figure 10. Solar radiation, temperature, and wind speed output from Type9 component to be input to the Unit
Conversion component.

The Unit Conversion component then converted the units to SI units to be input into the
Type194b PV-Inverter component.
The most important component in the simulation was the Type194b PV-Inverter component.
Type194b determines the electrical performance of a photovoltaic array and may be used with
simulations involving electrical storage batteries, direct load coupling or utility grid connections
such as the system used in this study. The model determines the current and power of the array at
a specified voltage and will also output the current and voltage at the maximum power point.
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This component uses De Soto’s one-diode, five-parameter model to calculate the PV
performance. There are other models in TRNSYS to determine the output of PV systems;
however this component differs from the others in that it also considers the effects of the inverter
and its efficiency. Therefore, this component was chosen to model the PV system because of the
added calculation of the inverter efficiency. The inputs of the component come from two
sources. One source is the outputs of the Type9 weather data file which are the solar radiation,
temperature and wind speed. The other source is from user input of the solar panel parameters
mentioned in the previous chapter. Figure 11 shows the input from the Unit Conversion
component.

Figure 11. Solar radiation, temperature, and wind speed in SI units output from the Unit Conversion component to
be input to the Type194b component.

The radiation had been converted to kJ/m2, the temperature to Celsius and the wind speed to m/s.
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The last part of the simulation file output the data from Type194b into a graph using
component Type65d. Figure 12 shows the original output from the weather data being input to
the graphing component along with PVPower which is the output from Type194b of the PV
performance.

Figure 12. Solar radiation, temperature, wind speed, and date and time output from the Type194b component to be
input to the Type65d component for graphical output.

Type65d is an online graphics component used to display selected variables while the simulation
is progressing. The component was used to display solar radiation, temperature, wind speed and
PV power against date and time. The power at maximum power point, open circuit voltage and
the short circuit voltage were also output into an external data file as shown in Figure 13.
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Figure 13. Output from Type194b of power at maximum power point, open circuit voltage and short circuit current
to external data file.

3.5 Summary and Conclusions
After the data was collected and formatted for the three year period between 2012 and 2014,
the simulation for the PV panels used by TxAIRE House 2 was ran using the TRNSYS software
with collected experimental data to show predicted performance. The I-V curve for the modules
used in the PV system was created using De-Soto’s five-parameter model to also show predicted
performance. In order to determine future performances, weather data over several years was
collected and formatted to create what is known as the typical meteorological year which was
created by reviewing long-term climate records and linking months together from selected years
to represent long-term conditions of solar radiation and average temperature. The simulation was
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then run again using the typical meteorological year to determine long-term system performance.
Data was also extracted from the typical meteorological year to provide future typical
meteorological years for future performance predictions using the TRNSYS model discussed.
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Chapter 4
Experimental Results and Model Validation
The results of the predicted PV output for TxAIRE House 2 using recorded and purchased
weather data with the TRNSYS simulation software, as well as the results for future performance
as predicted with the future typical meteorological year are presented in the following sections.
4.1 Performance Using Five-Parameter Model
The TRNSYS software package included a plugin with the Engineering Equation Solver
(EES) software. EES is a general equation-solving program that can numerically solve thousands
of coupled non-linear equations, such as that of the five-parameter model proposed by De Soto.
The equation solver required the following parameters: number of cells in series with each
module, open circuit voltage, short circuit current, max power voltage, max power current, the
temperature coefficient of short circuit current and the temperature of open circuit voltage. All of
the information was included in the manufacturer data sheet for the modules used in the PV
system in this study.
The EES program then solved the non-linear Equations 15, and 56 – 59 discussed previously
to determine the five unknown parameters. Figure 14 shows the inputs and outputs using EES.
The variables output from the program are: n, the usual ideality factor (labeled aref); IPH, the
photocurrent (labeled IL,ref); IO, the reverse saturation current of the diode (labeled IO,ref); RS, the
series resistance and RP, the resistance in parallel (labeled RSH,ref).
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Figure 14. Input and output of the EES program for De Soto's five-parameter model.

Using the calculated parameters, the current at specified voltage points was calculated using
Equation 14 in Microsoft Excel.

=

−

−1 −

+

(14)

Figure 15 shows how Equation 14 was input into Excel using the calculated parameters to
calculate current. The current was calculated with the parameters for values of voltage from zero
to the open circuit voltage value of 36.8 V.

52

Figure 15. Example of Equation 14 as written in Excel with input parameters.

The power was calculated by multiplying the calculated current and the voltage as shown in
Figure 16.

Figure 16. Example of power calculation by multiplying voltage and calculated current in Excel.

This information was then used to graph the current along with power in terms of voltage to
create both the I-V and P-V curves. Figure 17 shows the I-V and P-V curves for the modules
used in the PV system for this study.
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Figure 17. I-V and P-V curves for Sunmodule modules calculated using De Soto's five-parameter model.

The calculated I-V and P-V curves match the information provided by the manufacturer in
that the highest calculated current was 8.17789 amps (8.17 amps on the data sheet), the highest
voltage calculated before giving negative current values was 36.43 V (36.8 V on the data sheet)
and the highest predicted power was calculated to be 242.6333 W (225 W on the data sheet).
Since there are 33 modules in the system, De Soto’s model predicted a max power output of
8006.89 W (power output per module multiplied by number of modules). De Soto’s fiveparameter model predicts the maximum performance of the system without taking into account
the actual weather data, inverter or losses in the system. The next section will review the
TRNSYS simulation results which take into account these factors.
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4.2 PV Performance Using Recorded Weather Data
4.2.1 Experimental recorded weather data
The data recorded from TxAIRE House 2 came from the NI-cRIO-9074 data logging
processor, PR-T24 thermocouple wires and a Davis Vantage Pro 2 weather station situated above
the house. The data of interest to this simulation included the: total incident radiation on the
tilted surface (recorded with the NI-cRIO-9074 data logging processor), outside temperature
(recorded using the PR-T24 thermocouple wires) and wind speed (recorded using the Davis
Vantage Pro 2 weather station). The date and time were also recorded for all variables. These
variables were recorded using several pieces of equipment and therefore had been recorded in
different time intervals. To use the data, the time intervals had to be consistent between the
variables needed in the simulation. The smallest time interval consistent between the variables
was 30 minutes, therefore the data was modified to only include the instantaneous values at 30
minute intervals for all of the variables mentioned. The data also included bad readings which
resulted in negative values for radiation which is not possible. Therefore all negative values for
radiation were removed from the data set. Table 11 shows an example of the modified data set.
The data shown in Table 11 was used in the TRNSYS simulation to determine the PV
performance between the middle of the third quarter of 2012 to the end of the fourth quarter of
2014. The first column is the day of the year followed by the second column which shows the
time of the day in decimal format. Radiation in

, temperature in ºF and wind speed in mph

make up columns 3 – 5.
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Table 11. Example of modified data set.

Figure 18 shows the relationship between the total incident radiation on the tilted surface and
the outside temperature over the analysis period. During the winter months there was an average
decrease in temperature of 76ºF between the highest temperature of the summer months and the
lowest of the winter months. During the winter months, as temperatures were decreasing, there
was a slight increase of an average of 36

in recorded radiation. Figure 18 shows the spikes in

temperature between the months of June – September with temperatures reaching above 90ºF for
an average of 14 days in a row during these months. The radiation values peaked daily during the
hours of 10:00 AM and 5:00 PM ± 1 hour, with overall decreasing values during the summer
months of 36

as mentioned above.
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Figure 18. Overall recorded data of temperature and radiation over time.

Figure 19 shows the trend for wind speed over the analysis time period. This chart shows the
highest wind speed for each day for the time period. During the winter months, the overall wind
speed was generally higher than in the summer months with approximately 7 mph difference
between summer and winter.
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Figure 19. Overall recorded data of wind speed over time.

4.2.2 TRNSYS Simulation Results
The PV performance was determined using the methods described in the previous chapter
with the TRNSYS software using first the recorded data as detailed previously. The graphical
output of the TRNSYS software is shown in Figure 20 as a comparison of all the variables
(date/time, total incident radiation, temperature and wind speed) with the predicted PV output as
determined using the five-parameter model in the software package.
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Figure 20. TRNSYS output results of solar radiation and power over time.

As shown, the power output has a maximum output of 6770.99 W. The TRNSYS simulation
had a max power output of 6770.99 W showing 91% efficiency from the manufacturer max
power of 7425 W. To determine the accuracy of the simulation, the power output was compared
to the power output as recorded by the NI-cRIO-9074 data logging processor for the years used
in this study. Figure 21 shows the correlation between the predicted PV output and the recorded
output as a function of radiation.
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Figure 21. Predicted versus recorded power output in terms of radiation.

The average value for recorded power was calculated to be 783 W with a max of 7095 W.
The average value for predicted power was calculated to be 1431 W with a max of 6771 W. The
percent difference between both the averages was -45% and maximums was -5%.
4.3 Meteonorm Purchased Data Validation
Using the recorded data to predict the PV performance was the most accurate weather data
that could be used for the simulation as it was recorded at the site of the solar panels, however,
the overall time the data was recorded (2012 – 2014) was not sufficient to create a typical
meteorological year and future typical meteorological year for predicted future performance as
discussed in the previous chapter. To obtain this, weather data was purchased from Meteonorm
for the years of 2004 – 2014 for the global, diffuse and beam radiation, outside temperature and
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wind speed recorded from the Tyler/Pounds FLD weather station. This data was then compared
to the recorded data to determine accuracy as shown in the following sections.
4.3.1 Purchased weather data
The weather data from Meteonorm included daily values for outside temperature, wind speed
and dew point as mentioned in the previous chapter. The daily values were not recorded during
the time period for global radiation; therefore the TMY data (created from a data set between
1991 – 2010) for global, diffuse and beam radiation was supplied.
Figure 22 and Figure 23 show the data between the recorded and purchased outside
temperature and wind speed for the years 2012 – 2014, respectively. The average monthly values
of the purchased data were compared to average monthly values obtained from the recorded data.

Figure 22. Temperature comparison of recorded and purchased data using minimum, average and maximum data
points.
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Figure 23. Wind Speed comparison of recorded and purchased data using minimum, average and maximum data
points.

In general, both the temperature and wind speed comparisons followed the same trend;
however the data showed that the purchased data did not capture the more extreme weather
conditions that were seen by the weather station at TxAIRE House 2. The averages for each
month for the temperature comparisons had an average percent difference of 1.31%. The
averages for each month for the wind speed comparisons had a much higher average percent
difference of 41.53%.
Figure 24 shows the data between the recorded and purchased radiation values for the years
2012 – 2014. Monthly averages of the total incident radiation on the tilted surface obtained from
the recorded data were compared to the total radiation values provided by Meteonorm.
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Figure 24. Radiation comparison of recorded and purchased data using average and TMY data points.

The radiation comparison also shows the same general trend between the purchased data and
the recorded data. However, the difference in percentage averages shows a 30.76% decrease of
the purchased data vs the recorded data.
4.4 PV Performance using the Typical Meteorological Year
According to the research, it is customary to use a typical meteorological year to run longterm system performance simulations [75]. The creation of the TMY data set was described
previously by combining statistically the most typical data of each month from several years of
archival data together to create a typical meteorological year. Meteonorm supplied daily values
for the temperature and wind speed over a 10 year period between 2004 – 2014, as well as TMY
data for temperature (over a period of 9 years from 2000 – 2009) and radiation (over a period of
19 years from 1991 – 2010). The wind speed data purchased from Meteonorm was used to create
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the typical meteorological year data over a 10 year period between 2004 – 2014 to add to the
given typical meteorological year data set.
4.4.1 Future typical meteorological year
The predicted performance simulation for the years 2012 – 2014 using the recorded data used
total incident radiation on the tilted surface, outside temperature and wind speed to determine the
performance. To be consistent, the TMY needed to also have the same variables as used in the
previous simulation. The purchased data from Meteonorm included the TMY data for
temperature and total radiation, therefore the typical meteorological year data for wind speed
needed to be calculated.
To calculate the TMY data for wind speed over 10 years, the average wind speed of each day
for each month was reviewed against the same month for every year of data purchased. The
mean was calculated and the month with the closest data point to the mean was picked to be
included in the TMY data set. The average value for the following months were used to create
the TMY for wind speed: January 2004, February 2004, March 2011, April 2008, May 2007,
June 2009, July 2012, August 2014, September 2009, October 2013, November 2004, and
December 2010. With the TMY data for wind speed created, the full TMY data set was created
as shown in Table 12.
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Table 12. TMY data set for Tyler, Texas using Meteonorm data.

Month Temperature Radiation
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

(°F)
47.84
51.08
58.64
65.84
73.22
79.16
82.58
82.94
76.46
66.74
57.2
48.02

(W/m^2)
81
97
135
163
185
197
208
193
154
131
89
80

Wind
Speed
(mph)
3.93
4.09
4.50
4.72
3.18
3.39
2.98
2.99
2.51
3.05
3.65
4.26

This data was then used to create a future TMY data set using the method described in the
previous chapter. The projected climate change in terms of values for temperature, radiation and
wind speed were extracted from the NARCCAP database. NARCCAP uses global and regional
climate models to predict climate change from contemporary (1971 – 2000) to future (2041 –
2070) time periods. The value of change between the future and contemporary values were
calculated and are shown in Table 13. NARCCAP predicts an average temperature increase of
36.11ºF, an average radiation increase of 11.67

and an average decrease of wind speed of -.12

mph.
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Table 13. Predicted change values for Tyler, Texas using NACCARP predicated values.

Month
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

Temperature
Change
(°F)
35.06
34.88
34.7
35.24
36.32
37.22
37.58
37.22
36.5
36.32
35.96
36.32

Radiation Wind Speed
Change
Change
(W/m^2)
(mph)
12
-0.18
9
-0.04
14
-0.02
7
-0.29
13
-0.07
13
-0.09
8
0.07
14
-0.02
13
-0.22
12
-0.25
8
-0.11
11
-0.18

The projected change values were added to the original TMY data to give the future typical
meteorological year. The future TMY predicts typical values from predicted values for the years
2041 – 2070. The future TMY data set is shown in Table 14.

Table 14. Future TMY data set for Tyler, Texas using Meteonorm data plus the predicted change value from
NARCCAP data.

Month Temperature Radiation
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

(°F)
82.9
86.14
93.7
100.9
108.28
114.22
117.64
118
111.52
101.8
92.26
83.08

(W/m^2)
93
106
149
170
198
210
216
207
167
143
97
91
66

Wind
Speed
(mph)
3.75
3.92
4.32
4.54
3.00
3.21
2.80
2.81
2.33
2.87
3.47
4.09

4.4.2 TRNSYS simulation results for future predicted performance
The PV long-term performance was determined using the methods mentioned in the previous
section with the TRNSYS software, using the TMY and future TMY data sets shown Table 12
and Table 14, respectively. Figure 25 shows the results of the power output based on Meteonorm
TMY and the future TMY created using the original Meteonorm TMY and predicted change data
by NARCCAP.
The biggest contributing factor to the power output between temperature, radiation and wind
speed was radiation. Comparisons between the purchased radiation and the recorded radiation
showed a percent decrease of 31% from the recorded to the purchased as seen in a previous
section. This difference shows up in the power output using the TMY data sets. The power
output for the current Meteonorm TMY data set showed a max power output of 2747.41 W
during the month of June as seen in Figure 25. Using the future TMY data sets the max power
output predicted was 2866.26 W. The future data set showed a percent increase of maximum
power output of 4.33%.

Figure 25. Current and future predicted power output by month using Meteonorm TMY and future TMY data sets.
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4.5 Summary and Conclusions
The results of the predicted PV output using the recorded data was compared to the recorded
power output of the system. The purchased weather data was compared to the recorded data for
use in the TRNSYS simulation. The purchased weather data was used to create a typical
meteorological year data set and a future typical meteorological year data set to perform future
PV performance predictions. The results of the TRNSYS simulation for predicted future PV
performance was presented. The following chapter will discuss the results presented in this
chapter and their value in future research.
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Chapter 5
Discussion
5.1 Discussion of the Five-Parameter Model Results
Using De Soto’s model, the maximum power predicted was 242.63 W per module totaling
8006.89 W for the 33 modules in the system. This prediction is higher than what is given by the
manufacturer data sheet of a max power of 225 W per module for a total of 7425 W for the
system. De Soto’s five-parameter model predicts the power output of the system using data from
the manufacturer about the modules at standard test conditions. The five-parameter model does
not take into account the weather that the modules are subjected to, nor does it take into account
the inverter that this system is connected to. The five-parameter model also neglects losses due to
dirt and dust, angular losses, mismatch losses, temperature losses, ohmic losses and losses due to
shading. The five-parameter offers a good way to determine the power output of a system if the
only thing available is the manufacturer data sheet. Using weather data and, in this case, inverter
data the power output can be more accurately predicted.
5.2 Discussion of PV Performance with Recorded Weather Data
5.2.1 Recorded weather data
High temperatures were recorded during the summer months with the lowest temperatures
recorded during the winter months. The trend for radiation was similar, though slightly offset by
the temperature spikes and divots. Approximately one to two months after the radiation began to
increase did the temperature also increase. This is typical of solar radiation and temperature
trends. Typically, temperature will lag behind that of incoming solar radiation as the earth
attempts to balance incoming and outgoing energy. The values of temperature in the recorded
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data set match those presented in the research and methods portion of this paper acquired from
the U.S. climate database.
Though wind speed had a large range of data for each month, it was clear that the highest
wind speed occurred during the winter months and the coldest temperatures. This is probably due
to the cold fronts that happen during the winter months in the area in question. Cold fronts
coming from the north typically bring stronger winds attributing to the data presented in the
previous chapter.
Due to the typical trend of lag between temperature and radiation, the recorded temperature
data matching that of the U.S. climate database and the typical trend of higher wind speeds
during the winter months due to cold fronts, it was determined that the recorded data was
accurate enough to proceed with simulation runs.
5.2.2 TRNSYS simulation results
The results of the TRNSYS simulation showed a strong correlation between PV performance
and radiation, temperature and wind speed with the strongest contributing factor being radiation.
The maximum power output was predicted to be 6771 Watts using the recorded data. The
maximum power output possible by the solar panels used is 225 Watts as described by the
manufacture data sheet per module, totaling 7425 W for the system. Using this information it
was predicted that the maximum efficiency for the solar panels was predicted to be 91%. The
total radiation recorded was input into the TRNSYS model as beam radiation (TRNSYS uses
both beam and diffuse radiation to determine total, with 85% of the total being contributed by
beam), therefore the model assumed a less amount of radiation than was available resulting in
lower values than the actual output. This accounts for the discrepancy between the predicted
performance of 6771 W to the measured performance of 7095 W.
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The predicted and recorded power output results were compared using the percentage
difference of the root mean square error (RMSE) between the two results. The percent difference
between the RMSE’s for the predicted and recorded values was -16%. A percent difference of
±5% is what is desired. The reason for the high difference between the predicted and recorded
power output results might be attributed to the recorded data for radiation. It was known that
there were bad readings for radiation in the recorded data (negative values for radiation were
recorded, which is not possible). There were also absent readings of radiation as well as the
deleted negative values. The TRNSYS simulation will still run the simulation for no values of
radiation and low values of radiation which will result in no or low power outputs. The recorded
power output simply recorded the power supplied by the system and was not affected by the
radiation recordings. This discrepancy is likely to have caused a difference in the predicted and
recorded power output results.
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5.3 Discussion of Meteonorm Purchased Data Validation
5.3.1 Purchased weather data
To allow for future performance predictions of the PV system, the method using a typical
meteorological year was used. This method involved creating a typical meteorological year using
data over a 10 year time frame purchased from Meteonorm and then using the predicted change
data from NARCCAP to determine the future typical meteorological year.
The comparisons between the recorded data and the purchased data had varying results. The
percent difference between the recorded and purchased data for temperature was an average of
1.31%. It was safe to assume that the average temperature data from Meteonorm was
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comparative to the recorded data obtained from the weather station atop TxAIRE House 2. The
wind speed data, however, had an average percent difference of 41.53%. Upon review of the
data, it was determined that the Meteonorm wind speed data did not include the extreme wind
conditions seen by the weather station. The use of wind speed in PV performance models is
important because of the effect it has on the temperature of the cell/modules themselves, which
has an effect on performance as discussed in chapter 2. The effect of wind speed on the
performance of PV modules was discussed by Bhattacharya et al. [80] to have a moderate
positive correlation between wind speed and performance. The wind speed and performance for
a PV system was recorded for one year and the data was compared. Bhattacharya et al.
determined the correlation coefficient (R) for wind speed and performance to be 0.9642 meaning
the coefficient of determination (R2) was 47.02% leaving 52.98% of the total variation to be
unexplained. It was determined that because radiation is the greatest factor determining PV
performance followed by temperature and then wind speed, and the temperature data being very
accurate compared to the recorded data, it was adequate to not use the Meteronorm wind speed
data as it did not follow the recorded data closesly.
The radiation data from Meteonorm was adequate in that it followed the trend of the
radiation of the recorded data; however the differences between the data caused lower overall
power outputs than what was seen with the recorded data leading to lower overall power
predictions. The reason for the large difference between radiation can be attributed to the way the
data was presented. The radiation data was given by Meteonorm in TMY format, which uses the
most typical values from each month over several years. These values do not include maximum
and minimum values. The recorded data however, includes all data from the time period
including the maximum and minimum values which will result in higher and lower values of
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power output. The results of the TRNSYS simulation showed that the Meteonorm data could not
be used to accurately represent the PV system. However, the model did provide insight into the
leading factor that influences the power output. The temperature averages were relatively the
same and wind speed was excluded, this left only radiation to be the main factor in determining
PV performance.
5.4 Discussion of PV Performance Using the future TMY
5.4.1 Future TMY
As mentioned previously, the Meteonorm data proved to be inadequate for this research but
was continued with and used to create the typical meteorological year to understand the
implications of varying data. To determine the future power performance of the system, a future
typical meteorological year data set was created using the original Meteonorm TMY and
predicted climate change data from NARCCAP. NARCCAP predicted an average temperature
increase of 36.11ºF, an average radiation increase of 11.67

and an average decrease of wind

speed of -.12 mph. This data was used to predict the future performance of the system.
5.4.2 TRNSYS simulation results for future predicted performance
The power output between the current TMY and the future TMY increased by 4% because of
the predicted increased radiation. The overall low power outputs can be attributed to the
differences in radiation from the recorded data to the Meteonorm data as mentioned previously.
The power output for the current Meteonorm TMY data set showed a max power output of
2747.41 W during the month of June as seen in Figure 25. Using the future TMY data sets the
max power output predicted was 2866.26 W. The future data set showed a percent increase of
maximum power output of 4.33%. Though the results using Meteonorm proved to be
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unacceptable for PV performance, the results from the current TMY to the future TMY did
provide additional insight into the factors affecting PV performance.
The results showed that with a 48% increase in temperature and a 9% increase in radiation
there was only a 4% increase in overall power output. This information adds more confirmation
that radiation has a higher impact on the performance of the system than temperature.
5.5 Limitations and Delimitations
5.5.1 Limitations of the study
There were several limitations to the study and prediction of the PV system in this study. The
study was limited in its finding by the following:


Archival data
o The TRNSYS software requires the data to be in the same time intervals between
the different inputs of temperature, radiation, etc. The data, however, was
recorded in several different time intervals and the smallest interval consistent
between the inputs was 30 minutes. Therefore, the data points taken in 5 minute
increments were not all used and the data had to be modified so that all inputs had
the same dates and time intervals.
o The recorded weather data and PV output data was limited to the amount of data
that had been recorded during the years 2012 – 2014. This amount of data was not
enough to create TMY data sets for future predictions of the system.
o Missing data points and bad readings (negative readings for radiation and wind
speed) were also a part of the archival data. All of the data had to be examined
and the bad readings had to be deleted.
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Though some success has been experienced with weather forecasting predictions, the
research is relatively new and solar forecasting has small errors within a few hours,
however the further into the future the forecast the higher the error.



TRNSYS uses radiation data in the form of beam and diffuse radiation to make its
calculations, however the measured radiation was of the total radiation on the tilted
surface of the PV modules. To run the model, the total radiation was treated as beam
radiation (beam radiation typically makes up about 85% of the total radiation).



The power output predictions in this study can only be used for the Tyler, TX area as the
data was either the recorded data recorded at the UT Tyler campus, or from the weather
station at the Tyler, TX Pounds Fld airport.

5.5.2 Delimitations of the study
The study was also delimited in its findings by the following:


The amount of recorded data was limited; therefore data was purchased so that TMY data
sets could be developed for power predictions of the system. The TMY data sets
purchased did not match the recorded data as closely as expected and produced much
lower predicted power output results. Due to time, other outsource companies for weather
data were not researched.



Due to resources in equipment and time, the losses in the system due to dirt and dust,
angular losses, losses due to differences with the nominal power, mismatch losses,
temperature losses, losses due to monitoring errors of the maximum peak, ohmic losses in
cabling, and losses due to shading were not evaluated. These losses would have required
more data for evaluation, for example the temperature losses would have required
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thermocouples to be placed on the cells to determine temperature which then could have
been used to calculate the loss it had on the overall power output.
5.6 Summary and Conclusions
Using recorded data at the site provided a more accurate model than of the data supplied by
the outside source, though more time was needed to modify the recorded data for usability with
the simulation software. Though daily values for radiation were not available for the area and
dates in question, future measurements might be available and using daily values from
Meteonorm for radiation will provide a comparative model to using the recorded data at the site.
The TRNSYS model proved to under predict the power output by approximately 5% compared
to the recorded power output. This model can be used for future research, with varying results
dependent on the area in question, with recorded or purchased data rendering the fact that
purchased data would need to include a minimum of daily radiation values.
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Chapter 6
Conclusions and Recommendations
6.1 Conclusions
This paper reviewed the measured and predicted performance of a photovoltaic grid
connected system in a humid subtropical climate. Several models including numerical,
experimental and simulation models were researched and discussed. It was determined from the
research that a five-parameter, one-diode model was the best model to predict PV performance
based on complexity of the model and accuracy. Simulations were modeled using the fiveparameter, one-diode in the TRNSYS software package to provide adequate results for PV
performance of the grid connected system in question.
The results of this project have shown that in determining the prediction performance of a PV
grid connected system the following should be taken into account:


The weather data has the most significant effect on the prediction performance, with the
most effect coming from the radiation data. The actual performance of the system
compared to the predicted performance using purchased data yielded an 88% difference
while comparing to the predicted performance using the recorded data yielded a 5%
difference in the max power output; therefore carefully selecting the correct weather data
set is crucial; particularly the radiation data.



Though recorded data was used, a difference between the recorded power output and the
predicted output was still 5%.



To determine future predicted performance a good radiation data set over a long period of
time is needed. The comparison of the typical meteorological year data and the radiation
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data from 2012 – 2014 showed an average difference of 31% which causes a large
variation in prediction performance.
Though accuracy can be increased with the addition of the losses and additional data for
radiation, the model using TRNSYS was determined to provide an accurate model of power
performance predictions. This model is simple but accurate and can help to design future PV
systems in the East Texas area as well as help to improve current PV systems.
6.2 Recommendations
As mentioned, the data recorded for the simulation was taken using several pieces of
equipment with varying time intervals. Due to this, extensive time was needed to modify the data
points to sync date and time between the various data sets. To aid in future research, it would be
beneficial to set the equipment to record data in the same time intervals if possible. This would
allow for quicker results as time would not be needed to review the data as extensively. The data
acquired also comprised of invalid readings due to technical issues with the data logger. The
readings would show negative values for radiation and/or wind speed or would simply not record
any data at all. Since the data received was archival data and the specific reasons for the invalid
readings were not recorded at the time of acquiring the data, the reasons for the invalid data
points could not be determined. Future research would benefit from determining the cause of the
invalid readings at the time of occurrence and work performed to prevent it. Though the data had
invalid readings and varying time intervals, the data was able to be modified as shown previously
with believable values and trends for the area.
Though the recorded data used showed typical trends and values for the given area, the
simulation results for power output still gave a percent difference of 5% between the recorded
power data to the predicted data. To achieve a smaller percent difference, and greater accuracy
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for the simulation model, including losses due to dirt and dust, angularity, differences with the
nominal power, mismatch, monitoring errors of the maximum peak, ohmic losses in cabling and
losses due to shading can be taken into account. The addition of these losses will attribute to a
more accurate model for future research.
To use the Meteonorm data in future research, the researcher should attempt to reduce the
differences between recorded and purchased data by one of two options. The first option would
be to capture the extreme data values by finding the maximum and minimum average percent
differences by month and using this factor to multiply by the purchased data. This would give a
closer representation of the data recorded at the site. Or, the second option would be to only use
the average data for temperature and exclude the wind speed data as the average temperature
data acquired by Meteonorm was very accurate. These approaches would work for temperature
and wind speed; however for radiation it would be the most beneficial to use recorded data as
mentioned in the previous chapter or research other sources for more accurate radiation data.
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Appendix A. Manufacturer Data Sheet for Solar Panels
Figure A-1 shows the manufacturer data sheet for the solar panels used in this study.

Figure A-1. SunModule SW 225 poly manufacturer data sheet.
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Appendix B. Manufacturer Data Sheet for Inverter
Figure B-1 shows the manufacturer data sheet for the inverter used in this study, Sunny
Boy 7000-US.

Figure B - 1. Sunny Boy 7000-US manufacturer data sheet.
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Appendix C. Formatting the Weather and PV Data
As mentioned in the paper, the data had to be formatted before it could be input into the
TRNSYS software. The data was separated in excel files by quarter and separated by weather
data and data recorded from the house. The following is an outline in how the data was
formatted.
1. Copy the date, time and radiation data from each house excel file and place into one excel
file for the total years.
2. Copy the date, time, outside temperature and wind speed data from each weather excel
file and place into another excel file for the total years.
3. Figure C - 1 and Figure C - 2 show an example of the house and weather compiled raw
data, respectively, from the beginning of the recorded data. As shown, the data for the
house started on 5/8/2012 and began recording every 5 minutes. The weather data didn’t
start recording until 5/25/2012 and recorded every 30 minutes except at some points, for
example the first to second data point has a 10 minute interval.

Figure C - 2. Weather compiled raw data.
Figure C - 1. House compiled raw data.
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4. In order to segregate the 30 minute data points, each time cell was divided by 0:30
minutes in a separate column as shown in Figure C - 3. The cells in column C had to be
formatted into general numbers (Right-click, Format cells, Number, click on general) to
give numbers in decimal format instead of time. Time in 30 minute increments would
result in whole numbers.

Figure C - 3. Example of time cell divided by 0:30 minutes.

5. Another column was added after column C to differentiate between the whole numbers
and the decimals. In column C, the following equation was used =INT(C2)=C2. If the
number in the C column was an integer it would return “TRUE” in column D, otherwise
it would return “FALSE”.
6. The “FALSE” numbers were filtered out and deleted leaving only the time values in 30
minute increments. Columns C and D were then deleted.
7. Steps 4 – 6 were repeated for the entire data set and added to a master excel sheet of all
the data.
8. The entire data set was then reviewed to make sure the dates matched between the house
and weather data. If there was missing data in one or the other, empty cells were added so
that the date and time were consistent. Figure C - 4 shows an example of some of the
finished data with empty cells for unrecorded times.
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Figure C - 4. Example of data formatting with empty cells.

9. The last step was to convert the date and time formats. The date had to be converted to
day of the year only, and the time had to be converted to decimal format.
10. To change the date, the following equation was used =A1-DATE(YEAR)(A1),1,1)+1 to
convert the date format to day of the year as shown in Figure C - 5.

Figure C - 5. Equation to convert date format to day of the year.

11. To convert the time to decimal format, each time cell was multiplied by 24.
12. An example of the finished formatted data is shown in Figure C - 6.

Figure C - 6. Example of finished formatted data.
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Appendix D. Using the TRNSYS Software to Predict PV Performance
The following is a guideline on using the TRNSYS software package to predict PV
performance using the data as described in the study and formatted as shown in Appendix C.
1. Components used: Controller (2), Type9 (1), Type194b (1) and Type65d (1).
2. Controller 1 (labeled “Start and Stop Times”) was used to give the start and stop times of
the simulation. Figure D - 1 shows the window for the calculator and how it was used.
Three variables were created: START_TIME, INTERVAL and STOP_TIME. Each was
given a value, as shown. The start time and stop time are input into this component in
terms of hours of the year. For example, if the data file starts on the 145th day of the year
at midnight, then the input for start time would be 3480 (24 * 145). The interval is the
amount of data points in the weather data file. The stop time is the interval number added
to the start time number.

Figure D - 1. Controller 1 parameter window.

3. Type9 (labeled “Weather Data”) was used to read the recorded weather data. Figure D - 2
shows the parameter window for this component.
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Figure D - 2. Weather Data parameter window.

a. The mode used was 2 (1 uses only instantaneous values while 2 uses both
instantaneous and averaged values).
b. The weather data file used had one header line for the name of each characteristic
therefore 1 was input into the second parameter.
c. Five sets of columns are in use in the file, therefore 5 was input into the third
parameter. All other parameters were left as default
d. To input the weather data file, the tab labeled External Files was clicked and the
weather data file was input as shown in Figure D - 3.
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Figure D - 3. Weather Data input window.

e. Figure D - 4 shows the connections between the outputs of Type9 into the input of
Controller 2 (labeled “Unit Conversion”).

Figure D - 4. Connections between Type9 and Controller 2.
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4. Controller 2 was used to convert the weather data units into SI units.
a. The equations for W to kJ, F to C and mph to ms were used as shown in Figure D
- 5.

Figure D - 5. Controller 2 conversion to SI units.

b. Figure D - 6 shows the connections between the outputs of Controller 2 into the
inputs of Type194b (labeled PV-Inverter).
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Figure D - 6. Connections between Controller 2 and Type194b.

5. Type194b is the component that uses the five parameter model to calculate power
performance. Figure D - 7 shows the parameter window for this component.

Figure D - 7. Type194b parameter window.

a. The parameters from the manufacturer data sheet are input into parameters 1 – 10
and 13 – 15.
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b. Information about the solar panels (ex. how many wired in series) are input into
parameters 11, 12 and 16.
c. The inverter information is input into parameters 25 – 27.
d. Figure D - 8 shows the connections between the outputs of Type194b into the
inputs of the graphing component Type65d (labeled “Graph Output”).

Figure D - 8. Connections between Type194b output and Type65d input.
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